We examine the importance of adult functional literacy skills for individuals using a quantile regression methodology. The inclusion of the direct measure of basic skills reduces the return to schooling by 27 percent, equivalent to two additional years of schooling, while a one standard deviation increase in the score increases earnings by 20 percent. For those who are less skilled, more education contributes little to earnings; rather skills are the key to higher earnings. The non-schooling component of skill is a significant contributor to earnings, but not the component associated with years of schooling.
Introduction
When estimating returns to schooling using a Mincer type earnings function, the disturbance term will capture individual unobservable attributes and effects which, in general, tend to influence the schooling decision, hence resulting in a correlation between schooling and the error term. Cognitive (as well as non-cognitive) ability is such an unobservable; if schooling is endogenous then ordinary least Squares (OLS) estimators of the return to schooling are biased.
The return to investing in education, based on past empirical studies, is known to differ between individuals in different parts of the earnings/ability distribution. For example, evidence from the United States (Ingram and Neumann 2005) shows that over the past decades, individuals with college education but without specific skills experienced the lowest benefits from investing in education. Therefore, individuals lacking in literacy and related skills may not benefit as much from investing in education, compared to individuals better endowed in functional skills; for the latter, skill is expected to interact positively with education resulting in higher benefits from education investments.
When a true measure of ability is an omitted variable in the earnings equation, one of three different approaches have been used in the empirical literature to capture "true" return to education. The first approach uses twins, to arrive at a measure of the causal return to education. For example Ashenfelter and Rouse (1998) and Rouse (1999) using data from the US, have compared the earnings of twins with different educational levels, and reported an estimate of the return to education that is about 30 percent smaller than the OLS estimate.
The second approach uses sources of exogenous variation in educational attainment, such as institutional changes in the schooling system in the form of changes in compulsory schooling laws, abolition of fees, etc, as well as other "natural variations"
(i.e., school construction projects) affecting the schooling decision, to estimate a causal return to education effect using instrumental variable estimation. Most of these estimates of the return to education based on "natural experiments" report a higher return to education (rather than a lower one), compared to OLS-based estimates of the return to education (see, for example, Angrist and Krueger 1991; Kane and Rouse 1995; Card 1995; Harmon and Walker 1995; Meghir and Palme 2005 ; for developing countries, see DuFlo 1998; Patrinos and Sakellariou 2005) . The dominant explanation for these seemingly counter-intuitive results is that institutional changes in the school system (such as compulsory schooling laws) affect the schooling decision of a subset of individuals who, otherwise, would not have pursued a higher level of education and not the average individual. Furthermore, individuals affected by such reforms tend to have a higher return to education than the average individual.
The third approach, and also the approach used in this paper, uses achievement test scores reflecting a range of skills (in our case, adult literacy), and employ them as additional controls in the earnings function. One should, however, keep in mind that both schooling and other skills are generated by the same latent ability. Therefore, one has to be aware of the joint causality between schooling and test scores (see Hansen, Heckman and Mullen 2003; Nordin 2008 Evidence on the relationship between heterogeneity in ability and returns to education using a quantile regressions methodology for Chile can be found in Montenegro (2001) , who used 1990-1998 data and found an average return exceeding 10% and strong increasing returns by quantile over many years, as well as in the multicountry study by Patrinos et al. (2009) , who used 2003 data and reported similar results.
Both studies (without controlling for any measure of ability or skill) looked at the pattern of returns by quantile. The concept of ability that is relevant in the above two studies, as well as other studies (for example Arias et. al., 2001 ), relates to those unobservable, earnings-enhancing, human capital characteristics of an individual rather than measures derived from tests. An increasing pattern of returns was interpreted as evidence in favor of a complementary relationship between ability and education.
The IALS data have been used in several studies, with little evidence on Chile, one of only two countries in the survey outside Europe and North America. Blau and Khan (2001) examined the role of skill in explaining higher wage inequality in the U.S. Leuven et al. (2004) used IALS data for 15 countries (including Chile) and explored the hypothesis that wage differentials between skill groups across countries are consistent with a demand and supply framework. Green and Riddell (2003) used the measure of literacy in the IALS dataset to examine the influence of such skills on earnings in Canada. They find that these skills contribute significantly to earnings and that cognitive and unobserved skills are both productive but that having more of one skill does not enhance the other's productivity.
Evidence on the effect of adult literacy and other basic skills is scarce and most applications are for Britain and the United States. Ishikawa and Ryan (2002) used data from the National Adult Literacy Survey to examine the relationship between schooling and earnings in the United States. The study finds that, for the most part, it is the substance of learning in school -the accumulated human capital -that counts. It is also found that the strength of the human capital explanation versus the credential explanation of returns to schooling varies by race. Tyler (2004) tested the extent to which the accumulation of basic cognitive skills matter for young dropouts entering today's labor market. Based on a sample of 16-18 year-old dropouts who were administered a math test in the late 1990s, he presented evidence indicating that a standard deviation increase in the test score is associated with 6.5% higher average earnings over the first 3 years in the labor market. Vignoles et al. (2011) 1996 IALS as a secondary source, as it does not contain information on ability or skill level at early age). They find that it is the combination of family factors, early schooling and inherent individual characteristics that is a more important determinant of how literate and numerate a person is in adulthood. They also find that the best predictor of adult skill is skill level at primary school and that literacy and numeracy continue to be valued in the U.K. labor market.
Methodology
In the basic Mincerian human-capital model (Mincer 1974) , schooling is assumed to be independent of ability, and that the return from schooling investments is equal for all individuals. However, in the contemporary literature it is acknowledged that the return to schooling must be different for different skill levels. Intuitively, an estimate of the average return to schooling probably over-estimates the return for less skilled workers and under-estimates the return to the highly skilled. One should, therefore allow skill to affect the rate of return to schooling investments.
We use the adult literacy score as a measure of basic skill (adult functional literacy and numeracy) 1 to proxy for unobserved effects. We expect that the inclusion of a direct measure of such skills will reduce the estimated education coefficient, so that the coefficient on education then mostly captures the effect of schooling alone, having controlled for a range skills.
Given a distribution of wages, we assume that workers at different parts of the distribution benefit from different types of skills and abilities, including inherent unobserved ability. Less skilled workers predominate in the lower quantiles of the distribution, while the highly skilled predominate in the upper quantiles of the distribution. However, it is hypothesized that adult literacy and numeracy (basic skills)
are mostly relevant at lower parts of the earnings distribution, compared to the higher end of the distribution, where higher level skills are more relevant.
A model in which both the measure of skill and its interaction with schooling affect earnings and the skill-specific return to schooling is outlined below (Griliches 1977; Nordin 2008) :
where w is the hourly wage rate, S is years of schooling completed, A is a measure of skill and ε is an independently distributed error term. Allowing the return to schooling to depend on skill:
Using the IALS test score (for a description of the data, see next section) as a measure of basic skill (without assuming that it perfectly measures the underlying rage of relevant skills, especially higher order skills):
where T is the IALS score, an imperfect measure of skill relevant for the workplace 2 .
Assuming a linear relationship:
we obtain the following earnings equation:
Finally, including experience, its square and other covariates:
where X is a vector of other covariates, such as parents' education.
Equation (6) is estimated using both Ordinary Least Squares (OLS) -to obtain estimates of average "return" to schooling -as well as quantile regression in order to observe how the coefficients of years of schooling, cognitive score and the interaction of the two change across the earnings distribution; quantile regression is particularly useful, because it allows the full characterization of the conditional distribution of the dependent variable, rather than the conditional mean only. The quantile regressions methodology (Koenker and Bassett 1978; Buchinsky 1997) allows an investigator to differentiate the contribution of regressors along the distribution of the dependent variable. In particular, the estimation of returns to education entails much more than the fact that, on average, one more year of education results in a certain percent increase in earnings.
Data
The International Adult Literacy Survey (IALS) was carried out in 20 countries 3 between 1994 and 1998, a project undertaken by the governments of the countries and three intergovernmental organizations. 4 It is a carefully designed, innovative survey of adult populations, and goes beyond just measuring literacy capabilities to assessing how these capabilities are applied to everyday activities. The IALS was followed by an extensive quality review (see Murray et al. 1998) For Chile (year 1998), the survey is representative of 98 percent of the population between the ages of 16 and 65 (it excludes residents of institutions and remote areas) and the total number of respondents was 3,583. A four-stage stratified sample was used and stratification was performed according to region and type (urban/rural). As is the case for the rest of the IALS country data, in the Chilean data the three skills are very highly correlated. Consequently, the average of the three scores will be used in the analysis as an aggregate IALS score measure (see also Blau and Khan 2001; Devroye and Freeman 2001; Leuven et al. 2004) .
As is the case with the other countries in the IALS datasets, for Chile as well, the relation between skill level and years of schooling is positive. However, the slope of the skill-schooling profile is less steep compared to all but three other countries -Germany, the Netherlands and Sweden -while the slope is steepest in the Czech Republic, the United States, Slovenia and Canada (see Leuven et al. 2004 ).
Results

Heterogeneity in the Return to Adult Literacy
The estimation sample includes Chilean male employees between the ages of 18 and 65.
The dependent variable in the earnings regressions is the logarithm of the hourly wage, calculated using information on yearly earnings from wages, hours worked per week and weeks worked per year.
The mean values of the logarithm of hourly wage, years of schooling, achievement score and years of potential experience, as well as the mean values of years of schooling, achievement score and years of experience by earnings quantile, are reported in Table A1 of the Appendix. As expected, years of schooling and achievement scores increase by earnings quantile, while higher paid employees have less average years of experience (a younger lot).
In the estimation of earnings functions, achievement scores (IALS score) have been standardized. Therefore, the estimated coefficient of IALS score measures the approximate percentage change in the hourly wage arising from a one standard deviation increase in the score. Likewise, the coefficient of the score-years of schooling interaction term measures the approximate percentage change in the hourly wage arising from a one standard deviation increase in the score, interacted with one additional year of schooling.
Inclusion of the direct measure of literacy skill in the standard Mincerian earnings function reduces the return to schooling by about 27 percent (see appendix Table A2 which presents the OLS regression results for equation (6) (Table A4 ). At the low end of the distribution, estimates are less precise compared to higher-up in the wage distribution. The 90 th -10 th inter-quantile difference is about 2 percentage points (not significant at the 10% level), while the 90 th -25 th inter-quantile difference is about 4.5 percentage points (significant at the 5% level).
These estimates are qualitatively similar to those obtained by Patrinos et al. (2009) and Montenegro (2001) , which suggest that those with higher (unobserved) skills benefit more from additional investments in schooling.
Controlling only for literacy skill (Table A3 ) we obtain an estimate of the effect of skill on earnings (both direct and indirect, though its interaction with schooling). This effect varies little across quantiles; the 90 th -10 th inter-quantile difference is not significant at the 10% level. One standard deviation increase in the score increases earnings by between one-quarter and one-third. At lower quantiles, skill alone explains about the same amount of the variance in earnings as in the standard Mincerian specification.
The results after controlling for the independent effect of skill, along with schooling, experience and its square 7 , are presented in Table 1 . Schooling returns by quantile now exhibit a sharp and strictly increasing pattern, with a 90 th -10 th inter-quantile difference of nearly 7 percentage points (significant at the 5% level). The independent effect of skill is positive and highly significant up to the 75 th percentile of earnings, suggesting that a one standard deviation increase in the score increases earnings by about 20 percent at lower quantiles and a little less than that at the median. However, this effect declines beyond the median and disappears at the 90 th percentile. Comparing the effect of an increase in the score to the effect of one additional year of schooling, the effect of one standard deviation increase in the score is equivalent to 3.5, 4, 2, and 1.5 additional years of schooling for quantiles 10, 25, 50 and 75 respectively. The independent effect of father's education is strong, 8 especially around the median; having a father with at least secondary education is associated with 17-35 percent higher earnings, comparable to between 2 and 6 additional years of schooling. Estimates of the wage effect of schooling when skill is not controlled for are, therefore, upward biased except for the 90 th percentile. However, one has to note here that, the skills captured by the IALS survey are basic skills (functional literacy); such skills are particularly relevant for workers at lower points of the earnings distribution and possibly around the median.
For workers at higher points in the distribution, higher level skills (likely not captured by the IALS score) are expected to influence earnings. Hence, at the top of the distribution, 7 Given the absence of a variable on actual experience, what is used is potential experience (age-years of schooling-6). 8 Using the same mother education dummy, resulted in an insignificant coefficient in the presence of the father education dummy; furthermore, the sample size decreases further, since there is a small number of missing values in the father and mother education variables.
the coefficient of years of schooling along with the signaling value of schooling partly reflects the effect of such higher skills. After controlling for both the independent effect of skill and its interaction with years of schooling (Table 2) , at the lowest (10 th ) quantile of earnings, the independent effect of literacy skills is very strong, suggesting that one standard deviation increase in the score increases earnings by about 35 percent. The small negative (but insignificant) effect of the interaction term at the lower end of the distribution suggests that quantity of schooling and basic skills are substitutes. At higher points in the distribution the picture is drastically different. The independent effect of skill is insignificant at the 25 th to 75 th percentiles (and negative and significant at the 90 th ). Instead, what becomes progressively more important as one goes to higher points in the distribution is the earnings-enhancing, complementary relationship between skill and quantity of schooling.
Estimates of the implied return to skill (estimated using estimates of mean years of schooling at specific quantiles), range from 0.15 to 0.35 and are higher at the two ends of the earnings distribution. After controlling for the independent effect of father's education, the return to an additional year of schooling tends to increase at higher points of the distribution; however, the 10 th -90 th inter-quantile difference for the coefficient of years of schooling (at 0.053) is not significant at the 10% level, while the corresponding 25 th -90 th difference (at 0.047) is significant at the 10% level. Summarizing, for less skilled workers, quantity of schooling contributes little to earnings; rather basic skills (quality) are the key to higher earnings. On the other hand, those at the top of the distribution (therefore, more skilled) benefit much more from acquiring (or signaling through) more schooling, and from the interaction of additional schooling with skill.
Origin of Skill
Note that when the measure of skill used is the raw score, one cannot account for the origin of skill. For example the IALS score captures a wide range of skills acquired by an individual, including those acquired outside of school (such as within the family).
Therefore our earlier methodology assumes that all skills are acquired (or signaled) via schooling.
In what follows, we explore an alternative methodology in obtaining additional information about the relative magnitudes of the components of the wage effect of schooling by origin of skill. Following Ishikawa and Ryan (2002) (see also Tyler, 2004) , we partition the adult skill measure (IALS score) by first regressing it on an array of variables associated with different sources of learning (see Table A5 ):
where Z 1 is the vector of schooling benchmarks 9 , Z 2 a vector of parents' education variables (father's and mother's highest education dummies) along with home investment variables (frequency of reading books, frequency of attending plays, concerts, etc.) 10 , while Z 3 is a vector of other controls (in our case, age and urban/rural residence of the individual).
Subsequently, the coefficients of schooling benchmarks are used to generate estimates of two independent variables: one being a measure of skills acquired from schooling (SCS), estimated from: a 1 Z 1i and the other (NCSC) a measure of skills acquired elsewhere, estimated as: IALSi -a 1 Z 1i . Following estimation, skills associated with schooling (SCS) account for about 25 percent of all basic skills on average. The estimated proportion of these skills increases with education level (from 12 percent at the primary to 39 percent at the university level).
It should, however, be acknowledged that in the above described procedure and in the absence of a proper instrument (such as level of skill at an early age), a measurement error bias is likely to arise. There are two possible sources of such a bias. First, the schooling variable (years of schooling) is subject to measurement error as well as unmeasured variation in school quality (Ishikawa and Ryan 2002) . Second, literacy scores are estimates subject to error. As a result, when estimating earnings equations using the IALS score or independent variables generated from it, the estimated coefficients are likely to be biased. Table 3 gives the results from regressions which use separate measures for schooling and non-schooling skills as controls (columns 4 and 5). From column 2, on average one standard deviation increase in the raw score increases earnings by almost 20 percent, while the coefficient of years of schooling is about 8 percent per additional year.
In column 3, when only skills associated with schooling are controlled for, the coefficient of years of schooling increases substantially as it captures a mixture of the signaling value of schooling and skills not related to schooling, while the coefficient of skills associated with schooling is small and not statistically significant. In columns 4 and 5, the separate estimates of the effect of skills by origin suggest that non-schooling skills are rewarded more than school-related skills (one standard deviation increase in such skills is associated with a 12-14 percent increase in earnings), while the signaling value of schooling is substantial, at about 10%. After controlling for father's education (in the presence of father's education, the effect of mother's education is small and statistically insignificant, hence omitted), having a father with at least secondary certificate is associated with about 30 percent increase in earnings on average. Table 4 gives quantile regression estimates of the effect of skill at various points of the earnings distribution using the specification of column 5 in Table 3 . The results indicate that, of the type of skills captured in the IALS survey, those not associated with schooling are important, except for workers at the top of the earnings distribution; for such workers, the reward for more education (through its signaling value) is high, while the reword for both schooling and non-schooling basic skills is insignificant. In this paper, besides innate ability, non-cognitive skills are also not observed and therefore not controlled for; however, cognitive skills are not the only skills that are relevant, and this has been frequently stressed in the literature (see, for example, Heckman et al. 2006; Cunha and Heckman 2008; Green and Riddell 2002; Bowles and Gintis 2000; Bowles et al. 2001) . One can, for example, observe that the amount of additional variation in earnings that is typically explained (including this study) by the inclusion of the cognitive measure available is rather modest. Furthermore, the inclusion of other explanatory variables, such as experience, parental background and other individual characteristics, typically explains less than half of the variation in earnings.
Non-cognitive skills may be productive on their own right, and the effect may be large.
Non-cognitive traits include attitude, communication skills, motivation, persistence, as well as dependability and even docility (especially in low skill labor markets). Bowles and Gintis (2000) argue that non-cognitive skills may account for more than half of measured returns to schooling, and that most of the schooling impact is through endowing individuals with such non-cognitive traits.
Heckman et al. (2006) agree, and further suggest that latent non-cognitive skills, corrected for schooling and family background raise wages through their direct effects on productivity and through their indirect effects on schooling and work experience. Cunha and Heckman (2008) support the view that non-cognitive skills promote the formation of cognitive skills but not vice versa; parental investments are more effective in raising noncognitive skills and have different effects at different stages of the child's life cycle with cognitive skills affected more at early ages and non-cognitive skills affected more at later ages.
Conclusion
This paper, using data from Chile finds that the inclusion of the adult literacy score, after conditioning for years of schooling and experience, reduces the return to schooling by about 27 percent on average. Furthermore, it is shown that a one standard deviation increase in the score increases earnings by 15-20 percent. Quantile regression results, however, exhibit considerable heterogeneity. At the lower part of the earnings distribution (and to a large extent in the middle of the distribution), workplace-related literacy is very important in determining earnings. At higher points in the distribution, however, the reward of an additional year of schooling reflects its signaling value.
Without distinguishing for origin of skill, the contribution of literacy skills are mostly through their interaction with schooling, especially at higher points of the earnings distribution.
When skill is partitioned by origin, those skills not associated with schooling were more important in determining earnings in Chile (1998), except for workers at the top end of the earnings distribution; for such workers (at the top end of the distribution), the signaling value of schooling is high, while the reward for both schooling and nonschooling basic cognitive skills is insignificant. 
